Many metagenomics classification tools have been developed with the rapid growth of the 10 metagenomics field. However, the classification of closely related species remains a challenge for 11 this field. Here, we compared MetaPhlAn2, kallisto and Kraken for their performances in two 12 metagenomics settings, human metagenomics and environmental metagenomics. Our comparative 13 study showed that kallisto demonstrated higher sensitivity than MetaPhlAn2 and Kraken and better 14 quantification accuracy than Kraken at the species level. We also showed that classification tools 15 that run on full reference genomes misidentified many species that were not truly present. In order 16 to reduce false positives, we introduced marker genes from MetaPhlAn2 into our pipeline, which 17 uses kallisto for the classification step, as an additional filtering step for species detection. 18 19
Introduction 20
The advent of shotgun metagenomic sequencing greatly facilitated the identification and 21 classification of microbes by providing a means to detect phenotypically aberrant or unculturable 22 microbes [1] . It allows a much faster and cheaper taxonomic profiling of microbial communities 23 in different ecosystems such as the microbiome in human, soil and ocean. With the rising use of 24 shotgun metagenomic sequencing in the last decade, many microbial species classification tools 25 have since been developed [2] . However, there still remains one of the main challenges in shotgun 26 metagenomics analysis-the genomes similarity problem among closely related species in which 27 it is hard to distinguish and classify ambiguous reads. [3] . For instance, Shigella dysenteriae and 28 Escherichia coli that share relatively similar genomes complicate the taxonomic assignment at the 29 genus, species and strain levels [4] . Several tools such as MetaPhlAn and MetaPhyler have been 30 developed to profile microbial communities rapidly using a set of marker sequences. The use of 31 markers can reduce ambiguous reads mapping to multiple genomes [5] [6] [7] [8] , but at the same time, not 32 all sequencing reads can be classified. This poses a limit to perform a detailed analysis on the 33 samples, such as gene content estimations [9] . Other tools such as Kraken [9] and Clark [10] also 34 have been developed for high accuracy microbial sequence classification. These tools represent 35 read-alignment free and k-mer based approach that can classify sequencing reads accurately and 36 rapidly. Lindgreen et al. evaluated many of the widely used metagenomics classification tools and 37 the comparison of the overall performances showed that Kraken performs best in terms of the 38 speed and accuracy in identifying taxonomic distribution [11] . Interestingly, an RNA-seq 39 quantification tool, kallisto, has also been tested and compared to Kraken in the metagenomics 40 setting. Kallisto is a fast k-mer based pseudoalignment approach of RNA-seq reads to quantify 41 isoform expression level using a transcriptome De Bruijn graph (T-DBG) method [12] . The 42 comparison of Kraken and kallisto by Schaeffer et al. showed that kallisto outperforms Kraken in 43 the metagenomics quantification at three taxonomic ranks: genus, species and strain [13] . However, 44 no evaluations on other aspects such as the false discovery rates (FDR) and memory requirements 45 have been reported in the study.
46
Here, we compared and evaluated different combinations of tools, including MetaPhlAn2, kallisto 48 and Kraken, in terms of their detection and quantification performances, speed and memory 49 requirement in microbial species level classification. We showed that the performance of kallisto 50 is better than Kraken in terms of the quantification at the species level, which is consistent with 51 the result showed by Schaeffer et al [13] . However, while kallisto uses expectation maximization 52 (EM) algorithm to probabilistically handle ambiguous reads, the FDR still increases dramatically 53 as the number of sequencing reads increases. Therefore, we incorporated a collection of species-54 specific markers genes from MetaPhlAn2 into the kallisto quantification pipeline as an additional 55 step to reduce the FDR. In addition, due to the very high memory requirement to build the T-DBG 56 by kallisto, we also introduced another pipeline that build the index only on detected species from 57 the kallisto run on marker genes to evaluate the performance of kallisto at a larger scale of 58 reference genomes. Overall, we showed that the kallisto run on full microbial genome alone is not 59 sufficient because it detected many other species that were not there. The use of marker genes is 60 necessary to reduce the high false positives.
62

Results
63
Two different microbial community samples were simulated: (i) human-associated habitat 64 microbial community samples that consist of 5% microbial reads, and (ii) samples that consist of 65 only microbial reads. We tested five pipelines that use either MetaPhlan2, Kraken or kallisto of reads increases when full microbial genomes were used in the reference database ( Figure 1b ).
78
In contrast, pipelines that involve additional filtering step using species-specific marker genes from consumed approximately 300 GB of memory ( Figure 1d ). Therefore, out of the five pipelines that 87 we tested, we included one that index only genomes that were detected in the marker genes as the number of reads increases, followed by the other two kallisto pipelines (C1 and B1), and 106 then Kraken (E1) (Figure 5a ). In summary, we showed that the D1 pipeline demonstrated the most 107 optimal combination of all parameters tested although it takes a longer time to run compared to 108 MetaPhlAn2 and Kraken. It first filters out human reads using BWA-MEM, followed by a species 109 level detection step using marker genes, and a quantification step on a selected full genome 110 database based on detected species. In addition to our simulated sequencing reads, we also tested the D2 pipeline on the dataset that sequencing in viral community setting [16] . In this study, we tested different pipelines with 199 existing metagenomics and RNA-seq data analysis tools on two different microbial communities,
200
one that mimics samples deriving from human-associated habitat, and another one that consists of 201 only microbial reads.
202
In the pipelines involving the use of kallisto for quantification, we first filter out human reads using 203 BWA-MEM. The reason why we did not use kallisto for the human filtration step was because the 204 index could not be built from the hg19 genome due to memory issue, as kallisto is specifically 205 designed for transcriptome. With the same set of marker genes as the reference database, kallisto 206 was shown to outperform MetaPhlAn2 in identifying the correct species. We introduced this 207 marker genes filtration approach in our pipeline as a species detection step to reduce false positives.
208
We showed that without this step, many species that are not truly present were detected. Burkholderia genus. This suggests that some of the markers were not truly unique to the species 220 even after filtering out quasi-markers from MetaPhlAn2.
221
We also tested the D1 pipeline on real metagenomics sequence reads from the HPFS cohort (eight 222 healthy males at the Boston area). We showed that the highest distinction between the gut and the Prevotella species in the gut is associated with a carbohydrate-based rural diet [17] . We also found 228 several Prevotella species that were found only in the oral site but not in the gut samples. This is 229 consistent with the result in which Prevotella genus was previously shown to significantly 230 associate with the tongue dorsum [18] .
231
Methods
232
Generation of simulated DNA sequencing data 233 We simulated DNA sequencing paired-end reads to represent two different microbial communities: filter out human reads with the options, --quick, --min-hits 5 --unclassified-out, with hg19 genome 259 as the reference genome. Next, we ran Kraken on the unclassified reads output against the full 260 microbial reference genomes database. For the approaches using kallisto, we compared three 261 different ways (B1-D1) to classify microbial reads. In the first approach (B1), we ran BWA-MEM
262
[22] against hg19 genome to filter out human reads. Then, we classify unmapped reads with the 263 full microbial reference genomes database using kallisto. In the second approach (C1), we ran an 264 additional step of kallisto on hg19 unmapped reads with species-specific markers from 265 MetaPhlAn2 as the reference genomes. This step is introduced to reduce the FDR and it is used to 266 detect the presence or the absence of a species, and not for quantification purpose. If a species is 267 detected here, the estimated read count will be obtained from the earlier step that uses full 268 microbial genomes database. In the third kallisto approach (D1), we again ran BWA-MEM against 269 hg19 genome for human reads filtration. The unmapped reads were classified using kallisto, with Five pipelines (A1-E1) were evaluated and compared for their overall performances.
277
For the second microbial community that contains only microbial reads, we ran MetaPhlAn2, 278 kallisto and Kraken exactly the same way as we ran them in the first microbial community found 279 in human-associated habitat, but without the filtration step to remove human reads. To extract high quality reads, we filtered iMESSi-generated reads and the DNA sequencing reads 306 from the HPFS cohort using prinseq v0.20.4 [24] with options -min_len 40, -trim_qual_left 10, -307 trim_qual_right 10, -min_qual_mean 18.
308
Evaluation of performance 309 We evaluated the five different classification approaches for their performances in terms of (i) 310 false discovery rate (total number of species detected that were not in the dataset, out of the total 311 number of species detected), (ii) sensitivity (total number of species detected, out of the total 312 number of species truly present), (iii) rate of false negative (number of species that were in the 313 dataset but not detected, out of the total number of species truly present) (iv) accuracy (correlation 314 between estimated counts and 'ground truth' that is represented by RMSE) (v) memory 315 requirement, and (vi) runtime.
316
Statistical analysis 317 For the analysis of metagenomic data from the HPFS cohort, we used estimated counts from 318 kallisto to calculate log2CPM using the EdgeR package [25] . The heatmap was generated with 319 log2CPM.
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